ABSTRACT: Antibiotic resistance is increasingly widespread, largely due to human influence. Here, we explore the relationship between antibiotic resistance genes and the antimicrobial chemicals triclosan, triclocarban, and methyl-, ethyl-, propyl-, and butylparaben in the dust microbiome. Dust samples from a mixed-use athletic and educational facility were subjected to microbial and chemical analyses using a combination of 16S rRNA amplicon sequencing, shotgun metagenome sequencing, and liquid chromatography tandem mass spectrometry. The dust resistome was characterized by identifying antibiotic resistance genes annotated in the Comprehensive Antibiotic Resistance Database (CARD) from the metagenomes of each sample using the Short, Better Representative Extract Data set (ShortBRED). The three most highly abundant antibiotic resistance genes were tet(W), blaSRT-1, and erm(B). The complete dust resistome was then compared against the measured concentrations of antimicrobial chemicals, which for triclosan ranged from 0.5 to 1970 ng/g dust. We observed six significant positive associations between the concentration of an antimicrobial chemical and the relative abundance of an antibiotic resistance gene, including one between the ubiquitous antimicrobial triclosan and erm(X), a 23S rRNA methyltransferase implicated in resistance to several antibiotics. This study is the first to look for an association between antibiotic resistance genes and antimicrobial chemicals in dust.
■ INTRODUCTION
With whole metagenome sequencing, it is now possible to monitor the development of antibiotic resistance in entire microbial communities. This technology has made it possible to study the collection of antibiotic resistance genes − the resistome − in a wide array of biological systems. Researchers are discovering that antibiotic resistance is ubiquitous and interconnected with microbial community structure and dynamics. Antibiotic resistance genes naturally occur in the human infant gut during the first days of microbial colonization, even in the absence of antibiotic drugs. 1 Antibiotic resistance genes are also increasingly present in bacteria associated with livestock, driven by the widespread application of veterinary antibiotics, as well as in the outdoor environment. 2 Antibiotic resistance is also prevalent in the indoor environment, where humans spend up to 90% of their time. Microbes in the indoor environment, referred to as the indoor microbiome, have been identified as an important source of antibiotic-resistant infections. For example, cultivable antibioticresistant Staphylococcus aureus isolates are more concentrated in indoor air than outdoor air, 3 and nonhuman factors (i.e., elements in the house excluding its residents) in the household environment can contribute to the recurrence of antibioticresistant infections in the inhabitants of certain homes. 4 Despite the increase in knowledge of antibiotic resistance in hostassociated microbiomes and the existence of high-profile antibiotic-resistant pathogens in the built environment, we still know very little about the indoor resistome.
The spread of antibiotic resistance genes is exacerbated by the widespread use of antimicrobial chemicals, which are prevalent in building materials and personal care products. 5 Unlike antibiotic drugs, antimicrobials leave longlasting residues and can accumulate in the environment. Triclosan, a commonly used antimicrobial, can promote the development of resistance itself. 6 Some strategies for triclosan resistance, such as alterations to the outer membrane or expression of nonspecific efflux pumps, give bacteria cross-resistance to antibiotic drugs, as was observed in S. aureus, Pseudomonas aeruginosa, Escherichia coli, Salmonella enterica, and Rhodospirillum rubrum. 6 Efflux pumps are not commonly subject to horizontal transfer, limiting the spread of efflux-mediated crossresistance between species; nevertheless, all bacteria have genes encoding efflux pumps, 7 suggesting that triclosan could elicit multidrug resistance in many species independently. Like antibiotics, triclosan can have dramatic impacts on the structure of host-associated gut microbiomes, at least in zebrafish. 8 In the environment, triclosan resistance increases in microbial communities that are exposed to higher concentrations of the chemical. 9 Antimicrobial chemicals are prevalent in indoor dust. Surveys of household dust from Belgium, Canada, China, and Spain found triclosan in 137 of 138 samples collected, with median values in the ppb range. 10 The concentration of triclosan in household dust is thus comparable to that found in wastewater, where triclosan is an emerging contaminant of concern. Another antimicrobial, methylparaben, was detected in ≥90% of samples collected in the US, China, Korea, Japan, Spain, and Canada, with median values ranging from 320 to 1470 ppb, 10c,11 exceeding concentrations found in municipal wastewater by approximately 4 orders of magnitude.
12 However, the relationship between antimicrobial chemicals on the indoor dust microbiome and resistome have not been examined.
This study is the first to report a relationship between antibiotic resistance genes and antimicrobial chemicals in the indoor environment. We tested the following hypotheses: 1) the composition of the resistome and/or the microbiome correlate with the concentration of antimicrobial chemicals and 2) the abundance of specific antibiotic resistance genes correlates with the concentration of antimicrobial chemicals. To test these hypotheses, we collected 44 dust samples from a mixed-use athletic and educational facility. Samples were subdivided for chemical and DNA extraction and examined using liquid chromatography tandem mass spectrometry (LC-MS/MS) and next-generation nucleic acid sequencing. The dust in this building, which is characterized by natural ventilation and high infiltration, contained slightly less triclosan than found in previous studies (median concentration of 200 ppb in this study compared to 220−702 ppb elsewhere 10 ) and low concentrations of antibiotic resistance genes (median reads per kilobase per million reads (RPKM) per sample 23.24 compared to 47.71 in other studies 13 ). Nevertheless, a positive association was observed between the concentration of antimicrobials and the abundance of multiple antibiotic resistance genes, including the 23S rRNA methyltransferases erm(C), erm(X), and erm(33) and the efflux pumps tet(K) and vga(A). These results suggest that antimicrobial chemicals and antibiotic resistance genes are positively correlated in the built environment.
■ EXPERIMENTAL SECTION
Sample Collection. The building to be sampled was selected for its space types (i.e., rooms with different patterns of occupancy and usage) to capture a large diversity of indoor microbial communities.
14 Dust was collected using a vacuum fitted with Dustream collectors (Indoor Biotechnologies, Charlottesville, VA). Dust was vacuumed from each space until at least two collectors had been filled or no further apparent dust was available. Samples were stored in sterile plastic bags in the dark at room temperature until further processing. Dust was aliquoted for chemical or DNA extraction by mixing the collected sample and distributing the desired mass using sterile forceps and spatulas in a sterile hood. In total, 44 samples were collected (Table S1) .
Chemical Analysis. Samples with sufficient mass (≥0.75 g of dust; Table S1) were subsampled, and 100 mg aliquots were placed in 10 mL centrifuge tubes for chemical extraction. Aliquots were spiked with 100 μL of 100 ppb isotope-labeled internal standards, extracted twice using 3 mL of 1:1 (v/v) methanol:acetone with 10 mM acetic acid, centrifuged, and pooled. Samples were dried to approximately 1 mL and mixed with 5 mL of 10 mM acetic acid for loading onto an Oasis HLB 3 cc Flangeless Vac Cartridge solid phase extraction column (Waters) through 60 mg sorbent per cartridge of 30 μm particle size. After solid phase extraction, the samples were reconstituted in 1 mL of methanol and diluted 1:1 (v/v) with water. Ten microliters of each sample was injected onto a 2100 HPLC (Shimadzu) coupled with an API 4000 triple quadrupole mass spectrometer (MS/MS AB Sciex) operating in electrospray ionization (ESI) mode. The analytes were separated on an X-Bridge C8 column (2.1 × 100 mm, 3.5 μm particle size; Waters) preceded by an equivalent guard column using a gradient LC protocol. The flow rate was 0.2 mL/min, and the gradient was as follows: starting at 50% methanol for 1 min, then ramped to 95% methanol over 5 min, held at 95% methanol for 3 min, then decreased back to 50% methanol over 1 min, and held at 50% methanol for 1 min. A switching valve allowed sample to flow to the MS/MS between 0.5 and 10.5 min of each 11 min run. The ESI was operated in negative mode, and the source parameters were set as follows: curtain gas = 25 psi, gas 1 = 70 psi, gas 2 = 50 psi, IS = −4500 eV, source temperature = 500°C, entrance potential = −10 eV, and collision activated dissociation gas = 12 psi. Target times and masses are listed in Table S2 . The average relative recoveries for all the analytes ranged from 79% to 97%, with standard deviation varying between 5% to 31%. Each sample was aliquoted and extracted in two independent experiments; duplicates were averaged for statistical analysis. All reagents were mass spectrometry grade.
DNA Analysis. For samples containing ≥0.25 g of dust (Table S1 ), 0.25 g was aliquoted for DNA extraction. 15 For the remaining samples the entirety of the sample was extracted, and the mass of dust was recorded. Genomic DNA was extracted as previously.
14b Libraries for 16S rRNA gene amplicon sequencing were prepared at the University of Oregon Genomics Core Facility using 1 μL of template DNA from all extractions and the 515F and 806R primers targeting the V4 region of the 16S rRNA gene. 16 Samples were sequenced on an Illumina HiSeq in paired-end 150 bp mode. Sequence data were processed using Another Automated Data Analysis Management Application (AnADAMA; https://huttenhower. sph.harvard.edu/anadama) using the Usearch16SPipeline pipeline.
AnADAMA automates the following steps: paired-end 16S amplicon sequencing reads were demultiplexed using QIIME v1.8 (split_libraries_fastq.py), stitched using ea-utils command line tools (https://expressionanalysis.github.io/ea-utils/), and clustered into operational taxonomic units (OTUs) using UPARSE for its low false positive rate for OTU reporting relative to other identification pipelines. Reads were qualityfiltered using the UPARSE 17 quality-filtering threshold of E max = 1, at which the most probable number of base errors per read is zero for filtered reads. 18 Filtered reads were trimmed to a fixed length, and singletons were removed and clustered de novo into OTUs, followed by chimera filtering. Taxonomic classification and quantification of OTUs were then performed against the Greengenes 19 version 13.5 16S rRNA database. 20 For shotgun metagenome sequencing, libraries were prepared using the Nextera XT DNA Sample Preparation Kit (Illumina) from all extractions containing ≥15 ng/mL DNA. Sequencing was performed on an Illumina NextSeq in pairedend mode at the University of Oregon Genomics Core Facility. Metagenomic data were processed using the AnADAMA WGSPipeline pipeline, per the following automated steps. Whole genome shotgun sequencing reads were as follows: 1) concatenated into a single fastq file, 2) filtered for low quality reads and human sequence contaminants using Knead v0.3 (http://huttenhower.sph.harvard.edu/kneaddata), and 3) taxonomically classified and quantified using MetaPhlAn2 21 (http://huttenhower.sph.harvard.edu/metaphlan2).
All sequence data are available in the Sequence Read Archive ( h t t p : / / w w w . n c b i . n l m . n i h . g o v / ; B i o P r o j e c t I D PRJNA321035).
Operational taxonomic units (OTUs) derived from the 16S rRNA sequencing data identified as chloroplasts and mitochondria, as well as likely contaminants that were prevalent in both the reagent controls and the samples, were removed as per Meadow et al. 22 The OTUs removed in this step were identified as Halomonadaceae and Shewanella. One sample with a low number of reads (<4000) after contaminant removal was excluded from downstream analysis.
Architectural Analysis. For each space sampled, the following data were collected: space type; number, type, and operational state of windows; and crack area for all windows and doors. All architectural metadata and the mapping file for further analysis are presented in Tables S1 and S3 .
Data Analysis. Bayesian source tracking was performed using the SourceTracker 23 algorithm in MacQIIME (v1.9.1) to identify putative sources of indoor microbes. Human Microbiome Project data from five body sites, included with the SourceTracker tutorial, were supplied as the source data. In addition to data from the present study, we analyzed data from two recently published indoor microbiome studies on athletic facilities 24 and homes. 25 All three data sets were processed using the same USEARCH-based OTU picking pipeline prior to SourceTracker analysis.
Antibiotic resistance genes were quantified using the Short, Better Representative Extract Data set (ShortBRED). 26 Briefly, ShortBRED comprises two parts, ShortBRED-identify and ShortBRED-quantify. ShortBRED-identify generates unique peptide markers for a set of protein sequences. Specifically, ShortBRED-identify used an 85% amino acid identity threshold to cluster the protein homologue model gene set of the CARD database into nonredundant representative sequences. Short-BRED-quantify then maps translated reads to protein markers at ≥95% amino acid identity across ≥95% of the marker length. The use of markers, rather than full protein sequences, ensures quicker and more accurate mapping, leading to fewer false positive RPKM counts. Moreover, reads are required to map with more specificity to markers than markers are required to align with one another. For comparison with results from previous studies, 13 antibiotic resistance genes were also identified using ShortBRED with markers from the Antibiotic Resistance Database (ARDB). 27 Because the ARDB is no longer maintained, results using CARD as the reference database are likely to more accurately reflect the current understanding of antibiotic resistance genes.
Statistical analyses were performed using R or Hierarchical All-against-All significance testing (HAllA; http://huttenhower. sph.harvard.edu/halla) as appropriate. Community-level analyses of the 16S rRNA data were performed in R on samples rarefied to 16,000 sequence reads. Taxonomic beta diversity was calculated using the Canberra dissimilarity metric. Dissimilarity among chemical profiles (triclosan, triclocarban, methylparaben, ethylparaben, propylparaben, and butylparaben) was determined by calculating pairwise Euclidean distances on each sample's suite of chemical concentrations (normalized by log transformation). To determine whether microbial community composition and total chemical profiles were correlated, the taxonomic and chemical dissimilarity/ distance matrices were compared using a Mantel test in the R vegan package. Additionally, permutational analysis of variance (PERMANOVA) testing was performed to determine whether variation in community composition was significantly explained by concentrations of individual chemicals (log-transformed) using the vegan package in R. Relationships between individual chemical concentrations and antibiotic resistance gene family relative abundances were tested using HAllA. Input files for HAllA were filtered to remove all elements that were not detected in more than one sample. Antibiotic resistance genes were analyzed using Pearson correlation for individual comparisons and a Benjamini-Hochberg q-value threshold of 0.2 to control the false discovery rate for multiple testing.
Data analysis and visualization was performed in R primarily using functions from R packages vegan 28 and labdsv. 29 Data and R code necessary to reproduce the analyses are found at https://github.com/uo-green-lab/dust-2015.
■ RESULTS AND DISCUSSION
To explore the relationship between antimicrobial chemicals and antibiotic resistance genes in dust, we collected 44 dust samples from 31 spaces in a mixed-use athletic and educational facility. We analyzed these samples for antimicrobial chemicals, microbial community profiles, and antibiotic resistance gene profiles. We obtained chemical data from 23 samples (the remainder had insufficient dust mass for chemical analysis). After quality control, we obtained microbial community data from 42 samples and antibiotic resistance gene data from 42 samples.
Correlation of Architectural Design with Microbial Community Composition. From the 16S ribosomal gene amplicon sequencing, we observed a median of 23,980 reads per sample (minimum 16,450, maximum 37,460), corresponding to 853 operational taxonomic units after filtering and quality control. Of the 44 samples, 41 yielded populations where no single OTU accounted for over 50% based on the relative abundances ( Figure S1 ). Two samples were 52% Enterobacteriaceae, and one was 65% Pseudomonas.
Prior research has shown that indoor microbial community composition is linked to building design.
14, 30 With regards to design, space type has been a demonstrated significant factor.
14b For this reason, we intentionally selected a building with a variety of space types to capture a wide swath of microbiome compositions. We observed a significant correlation between space type and community dissimilarity (PERMANOVA, R 2 = 0.22885, p = 0.006; Figure S2a ). Another factor that has been shown to correlate with dust microbiome composition is building ventilation type. 30 Our /sq m. This building can be characterized as "leaky," and the indoor microbiome is likely more influenced by the influx of outdoor air than in buildings that are tighter.
14, 30 Infiltration, like natural ventilation, increases the influx of environmental microbes. 30 The large crack areas we observed likely influence the composition of the indoor microbiomes, although this effect could be exacerbated or mitigated by other factors, such as wind or stack-driven effects, occupant behavior, site-specific wind patterns, or mechanical system operation patterns. Approaching the question with microbiological methodology, we used the Bayesian SourceTracker algorithm to examine the potential influence of environmental versus human-derived sources on the dust microbiome.
The majority of the bacterial community in most samples was predicted to be of putative environmental (i.e., nonhuman) origin (Figure 1a ). Twenty-five percent or less was predicted to be of human origin, of which the majority was associated with human skin (Figure 1a) . Overall, we observed lower proportions of bacteria of human origin in our samples compared to previous studies of surfaces in athletic facilities and household indoor dust (Figure 1b) . The indoor microbiome in our study system thus appears to be heavily influenced microbes that are not human-associated, more so than previously studied built environments.
Correlation of Antimicrobial Chemicals with Microbial Community Composition. We surveyed our samples for several antimicrobial chemicals that have reliably been detected in previous studies of indoor dust. Triclosan, triclocarban, and methyl-, ethyl-, propyl-, and butylparaben were quantified in all samples where sufficient dust mass was available (≥0.75 g). While these antimicrobials were detected at varying concentrations throughout the building (Tables 1 and S3) , they were comparable to values previously observed in built environments. Other studies of indoor dust reported median values ranging from 320−1470, 11−276, 182−800, and 2−212 ng/g for methyl-, ethyl-, propyl-, and butylparaben, respectively; 10a,c,11 the median values from our study are 1020, 60, 380, and 60 ng/g, respectively. Median concentrations of triclosan in household dust ranged from 220 to 702 ng/g in other studies; 10 in ours, the median concentration is 200 ng/g.
The correlation between the concentration of antimicrobial chemicals and the microbial community composition was not significant (p = 0.086; Supplementary Figure 2b) as determined from a Mantel test. Individual PERMANOVA tests revealed that the concentration of triclosan and all of the parabens correlate weakly yet significantly with microbial community dissimilarity (R 2 between 0.07 and 0.08, p < 0.03). HAllA did not reveal any individual taxa that were significantly associated with any antimicrobial chemicals (data not shown).
Correlation of Antimicrobial Chemicals with Antibiotic Resistance Genes. We identified antibiotic resistance gene families from the shotgun metagenomic data using markers generated from the CARD 31 database. We identified 17 antibiotic resistance gene families throughout the building (Figure 2a , Table S4 ). The spaces had on average 21 RPKM attributed to an antibiotic resistance gene, although the standard deviation was quite large (27 RPKM) . The three most highly abundant antibiotic resistance genes encoded the tetracycline-resistance gene tet(W), the extended-spectrum Figure 1 . Influx of outdoor air, and thus outdoor microbes, likely had a large influence on the microbiome of the building in this study. a) The proportion of bacteria attributed to a human source using SourceTracker by sample. b) Violin plot, showing the median (white dot) and interquartile ranges (box and whiskers) as well as the density distribution (shaded area) of the proportion of bacteria of putative human origin in the present study (purple, n = 42), other athletic facilities (red, n = 308), and private homes (yellow, n = 1366). beta-lactamase blaSRT-1, and the macrolide-resistance gene erm(B) ( Table S4 ). While present at low abundances, together these genes cover resistance to a wide spectrum of antibiotics.
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Compared to previous investigations of the built environment resistome, our study system has fewer antibiotic resistance genes (median RPKM per sample 23.24 compared to 47.71 in other studies; 13 Figure 2b ). The built environments included in this analysis are homes, offices, a hospital, a pier, and a metropolitan transit system. Data from a mixed-use athletic and educational facility was not available for comparison. Overall, the relative abundance of antibiotic resistance genes in all built environments is an order of magnitude lower than in the human gut (536.30 RPKM; Figure 2b ). This finding is consistent with observations that the human gut has the highest abundance of antibiotic resistance genes of any surveyed biological system. 32 Using HAllA, we identified several antibiotic resistance genes that are significantly positively associated (FDR q < 0.05, similarity score >0.5) with triclosan or methylparaben (Table  2) . Specifically, higher relative abundances of the 23S rRNA methyltransferase gene erm(X) were associated with higher concentrations of triclosan, and higher relative abundances of erm (33) , which is a hybrid between erm(A) and erm(C) that is specific to Staphylococcus sp., and erm(C) were associated with higher concentrations of methylparaben (Figure 3) . Ribosomal RNA methyltransferases, such as these erm genes, can confer resistance to antibiotics that act by targeting the peptidyltransferase center in bacteria, thereby inhibiting protein synthesis. 33 In addition, relative abundances of two genes encoding efflux pumps (tet(K) and vga(A)) were associated with triclosan concentration, and relative abundances of the cmr efflux pump were associated with methylparaben concentration. tet(K) encodes an efflux pump with specific activity toward tetracyline and reduced activity toward derivatives of tetracycline lacking the 6-hydroxy group.
34 vga(A) encodes an ATP-binding cassette transporter that confers resistance to lincosamides and streptogramin A, as well as pleuromutilins, 35 which have only been approved for use in humans since 2007. 36 While triclosan has not previously been associated with erm methyltransferases or the tet(K) or vga(A) efflux pumps, it has been associated with an increased expression of multiple efflux pump genes in other settings.
37
Of the six associations we identified (Table 2) , three involve rRNA methyltransferases, a class of antibiotic resistance genes known for macrolide resistance. However, neither triclosan nor methylparaben is structurally or functionally related to macrolides. The remaining associations each involve an efflux pump specific to tetracycline, streptogramin, or chloramphenicol. The targets of these efflux pumps all represent different classes of antibiotics, and again none are structurally or functionally related to triclosan or methylparaben.
While our data show that higher relative abundances of antibiotic resistance genes correlate with higher concentrations of antimicrobial chemicals in indoor dust, further studies are needed to determine if this relationship is causative.
Implications and Limitations. Antimicrobials are widely distributed, high-production volume chemicals, so they are routinely found in many different environments including surface waters, fish, and human bodily fluids. 5, 38 Because they are so commonly found to bioaccumulate in these environments, the effects of triclosan on microbial communities have mostly been studied in aquatic systems and wastewater treatment. Triclosan was identified as a contaminant of emerging concern in drinking water and found to accumulate in wastewater at concentrations reaching parts per billion. 38 These concentrations are comparable to those found in indoor dust. In microbial communities seeded from wastewater treatment plants, the addition of triclosan caused an increase in the copy number of the multidrug efflux pump gene mexB, 39 which also confers resistance to beta-lactams, quinolones, tetracyclines, and trimethoprim. 40 In benthic microbial communities, where typical triclosan concentrations are lower than in sewage sludge, triclosan was not associated with any changes in the microbial community composition or diversity, but communities exposed to higher concentrations of triclosan yielded higher proportions of cultivable triclosan-resistant isolates. 9 Ours is thus not the first study to identify a link between the antimicrobial triclosan and antibiotic resistance; it is, however, the first to do so in indoor dust.
Our observations are correlative and do not give evidence of a causal relationship between the presence of antimicrobial classroom  968  598  1695  200  996  111  1003  460  673  123  684  75  gym  310  251  1559  112  519  88  132  88  526  50  130  20  office  164  348  846  64  305  68  90  323  415  34  233  46  circulation  302  274  1708  162  674  95  37  42  513  99  228  29  laundry  356  162  421  18 42 or concentration. 41 The median concentrations of triclosan we and others observed in dust is 3 orders of magnitude lower than the concentration of triclosan when used as an active ingredient in toothpaste (0.3−2 mg/ g). 38, 43 Unfortunately, questions centered on bacterial gene selection and viability cannot be directly addressed using the current sequencing methods. Because we collected dust in situ, we cannot assess whether the relationship between antimicrobials and antibiotic resistance genes reflects events occurring before or after the chemicals and microbes are deposited in the dust.
Based on our data, microbial community composition correlates significantly with space type but not with antimicrobial chemical concentration in indoor dust; however, the concentration of individual antimicrobials strongly correlate with the relative abundance of individual antibiotic resistance genes. This observation suggests that these antimicrobials do little to affect the assembly of microbial communities in dust but they may have a strong influence on the promotion and retention of antibiotic resistance genes. This finding is similar to what was found in benthic microbial communities. 9 As the indoor microbiome plays an important role in human health, 4, 15 the effect of antimicrobials on the accumulation of antibiotic resistance genes in the indoor microbiome deserves more attention.
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